The capital requirements formula within the Basel II Accord is based on a Merton one factor model and in the case of credit cards an asset correlation of 4% is assumed. In this paper we estimate the asset correlation for two datasets assuming the one factor model. We find that the asset correlations assumed by Basel II are much higher than those observed in the datasets we analyse. We show the reduction in capital requirements that a typical lender would have if the values we estimated were implemented in the Basel Accord in place of the current values.
Introduction
The aim of this paper is to present estimates of asset correlations for credit card qualifying revolving retail exposures, the Accord assumes an asset correlation of a specific value: 15% for residential mortgages and 4% for revolving exposures. For other types of retail loans, and for other segments, for example corporate loans and loans to small and medium sized enterprises, the asset correlation depends on the long run probability of default for that portfolio, (as well as maturity for non retail exposures).
However the empirical work on which the assumed asset correlation values for mortgages and revolving credit portfolios were based has not been published and an embryonic literature, mainly examining corporate loans and loans to banks, finds asset correlation values, generally, to be much lower than the values implied by the Basel formula. For example Rösch (2003) 
estimated corporate asset correlations in
Germany by modelling the number of bankruptcies over time. He found values around 0.86% when macroeconomic variables were omitted and 0.52% when they were included. Hamerle et al (2003a) found comparable values for many industries in the G7 countries. In other work Rösch (2005) found that corporate asset correlations varied according to rating class, where the class was allocated by an external ratings agency. In this work Rösch did not include borrower specific effects, however in Hamerle and Rösch (2006) However there is no published work in which the asset correlations for consumer loan portfolios are estimated and where individual specific effects are included, and there is no published work that reports asset correlations for UK credit card portfolios. This is the aim of this paper. In principle one would expect that the more covariates that are used to explain the probability of default by a borrower the lower the computed asset correlation and empirical evidence for other sectors appear to confirm this. We use two datasets, one relating to individual borrowers and the second relates to all credit cards issued in the UK. We find asset correlation values that are very considerably below the value assumed in the Accord and that the correlation varies systematically with the riskiness of a borrower segment.
The structure of this paper is as follows. In the following section we specify the model and estimation strategy that we use. In section three we present our results and in section four we discuss some implications of them. Section five concludes.
Notational Conventions
Throughout the paper we adopt the following conventions. We assume time is measured in discrete intervals. 
The Model
The model follows Hamerle et al (2003b) , Hamerle and Rösch (2006) 
Now suppose, following Rösch (2005) , Gordy (2003) and Hamerle et al (2003b) we Following Merton (1974) a borrower defaults when the value of his assets falls below a threshold level. If we denote this threshold as it k , the probability of default for
. Thus the probability of default can be written as
and conditional on the realisation t t y Y = this probability equals , 1)
where Φ denotes the standard normal cumulative distribution. 
where 0 β is a constant and γ β, and δ are vectors of parameters to be estimated. By α is a constant. There the log-likelihood is derived by supposing that we observe a particular default pattern across borrowers in period t, and finding an expression that equals the probability of observing that pattern, conditional on the
denotes that borrower i in period t defaults, the log-likelihood is
where 
. Notice that unlike more conventional panel models the random effect is over time not over cases. Correspondingly the integration in the maximum likelihood function (Equation 9) is over the random effect that varies over time.
One can parameterise such a model by maximising the LL function where 
The value of
can be estimated as part of the maximum likelihood estimation and so we can calculate the asset correlation using Equation 10. We parameterised Equations 6 and 8 using maximum likelihood and estimated the standard error of rho using the delta method of Billingsley (1986) .
Alternatively one can obtain estimates of the asset correlation in a portfolio using aggregated data instead of data for individual borrowers. Here we closely follow the models of Gordy and Heitfield (2002) , Rösch (2003) and Rösch (2005 
By assumption t Y and it ε are serially independent so the unconditional marginal loglikelihood (which we denote LL) can be found by integrating Equation 11 over all possible values of t Y , taking the product over time periods t=1…T and taking logs.
This gives We parameterised Equation 6 using the NLMIXED procedure in SAS. We used Gaussian adaptive quadrature (Pinheiro and Bates: 1995) to compute the integral over the time varying marginal effects and the delta method of Billingsley (1986) to compute the approximate standard errors for rho. Both are standard procedures in SAS.
Results

Account Level Data
We use two datasets. The first dataset is a randomly selected sample of approximately 200,000 credit card accounts that relate to a single credit card issued by a financial institution. We define default as missing a third due monthly payment or the account being written off, and the time of default is the first month in which either event happens. The observations cover 87 consecutive months from the late 1990s to the mid 2000s. The dataset is unbalanced: accounts were opened at different points in time. Some defaulted in the observation period, others did not. Due to software constraints we took a random sample of 20% of the accounts to estimate the parameters of Equation 6 for the portfolio as a whole. The results are shown in Table   1 . These show the estimated asset correlation value of 0.396%. This is considerably below the value of 4.00% given in the June 2006 version of the Basel II formula for revolving accounts not in default. Table 2 . The results show a systematic relationship between asset correlation and generic risk score. At higher risk score deciles (lower risk) the asset correlation is smaller than at higher risk score deciles (higher risk). In decile 10, the asset correlation was not statistically different from zero. above the trend for the index of (real) production and the latter a period below trend.
We estimated the trend as a 61 month centred moving average. The results are shown in Table 3 . We find that asset correlations are lower in recession than when the economy is not in recession. We could have identified shorter periods when the economy was deeper in a recession but that would reduce the number of observations so that the results may not be robust -the estimates are derived from the time series property of the data. Table 3 Here Table 4 shows the effect of additional covariates on the estimated value of ρ . We consider two alternative equations; one including a variable that varies over cases and over time: balance divided by credit limit and a equation which omits such a variable.
As expected, in both cases when more covariates are added the value of ρ declines.
The equations suggest some collinearity because when balance divided by credit limit is included, many of the other variables become insignificant. Table 4 Here However a caveat to this section is in order. The account level dataset spans only 87 months. The second dataset spans a longer period.
Aggregate Data
The second dataset is quarterly time series data relating to the repayment performance of all credit card issuers in the UK and was kindly supplied by APACS. The data period is from 1990 Q2 to 2007 Q4 and so spans a much longer period than the account level data.. This dataset does not show the number of accounts that defaulted in each time period, but instead shows the number of accounts that were overdue by various periods, for example by one month, two months and so on. We also had the number of accounts that were written off in each quarter as well as the number of active accounts. We defined a default event as being when an account became three months overdue. The relationship between these concepts can be written as: Fig. 1 . The data show a discernable upward trend since around May 1997, albeit with some perturbations. Table 5 shows the results of parameterisating Equation 6. These suggest that the asset correlation of the portfolio of credit cards made available by UK issuers is around 1.8% when estimated in this way. This is considerably higher than the 0.4-0.6% which estimates based on the borrower level dataset suggested. Both sets of values are considerably lower than the values assumed by the Basel 2 formula.
Unfortunately because our data is quarterly there would be too few observations in each of the two time periods we identified in the previous section as being periods of recession or growth to estimate robust values of ρ for each period separately. 
Implications
Considering both sets of results the values of asset correlations that we have estimated are similar to those found by other researchers. For example, values around 1% for credit cards in the US were found by Rösch and Scheule (2004) . Hamerele et al (2006) found values around 0.6% for manufacturing and 0.1% for Commerce in Germany in the 1990s. However Rösch (2005) is an exception that finds asset correlations for US corporates around 5% when modelling defaults for three separate risk grades, BB, B and CCC. We also found that higher risk segments had higher asset correlations. This was not found by Rösch (op cit) who found that whilst the CCC grade had the highest correlation the lowest was for the B grade. The reduction in the value of rho when other covariates are included in the model is expected and consistent with previous studies.
The Basle II Accord gives the capital requirement, K, for a risk segment of a portfolio of qualifying revolving retail exposures as , 1
where PD is the mean probability of default. Table 6 shows the implications for capital requirements for differing PDs and asset correlations. It can be seen that if the mean PD is around 3% and the asset correlations of 0.4% or even 0.6% were applied, the capital requirement, as a factor of LGD would be approximately 25% of that required by the Accord with its given asset correlation of 4%. The over capitalisation is larger if the mean default rate is lower. For example if the mean default rate was 1% the capital requirement would be around 23% of the value required under the Accord. Table 6 Here Our finding that higher asset correlations occur in higher risk bands might be concerning to lenders because it is the higher risk band borrowers who are most likely to default. Nevertheless the asset correlations, even in the highest risk band in our data, were not as large as the assumed correlation in the Accord, and it is the assumptions of the Accord that are currently enforced by regulators. 
Conclusions
Although the Basel II Accord requires banks who wish to follow an IRB approach to estimating their capital requirements to use an asset correlation for credit card loans of 4%, our results suggest that this is considerably larger than the asset correlations that occur in practice. Our results suggest a value of around half of the required amount.
This finding adds to those of other studies which have concentrated on corporate loans so that this conclusion applies to both corporate and consumer loans. We have found that asset correlations are greater for riskier credit card borrowers and that there may be noticeable differences between the correlations of different lenders. We also find that in periods of stress asset correlations for credit cards are lower than in other periods.
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